Abstract-Terrain information can significantly impact load power demand, and in turn, on battery life and system efficiency of a hybrid energy storage system (ESS) with battery and supercapacitor. Taking terrain information ahead into consideration for proactive power management is one of the most important ways to improve battery life and overall system efficiency. However, since terrain information is typically available from commercial geographic information systems database, it is by nature inaccurate with uncertainties with respect to the requirements of power management. This is often worsening when combining with commercially low-quality global positioning systems. This paper proposes a novel power management strategy to cope with the inaccuracy and uncertainties of the terrain information with the aim to improve battery life, while maintaining overall system performance. First, the impact of terrain inaccuracy on battery life and system efficiency is analyzed based on two different hybrid ESSs with semiactive topologies. Then, a power management control strategy is developed that actively distributes the power between battery and supercapacitor with adaptation to terrain inaccuracy and uncertainties. The objective of the proposed power management control strategy is to minimize the total cost of the system, including the cost for battery life and energy. Finally, simulation is conducted that has verified the effectiveness of the proposed control strategy.
Power Management for Hybrid Energy Storage
System of Electric Vehicles Considering Inaccurate Terrain Information ever, the inaccuracy and uncertainties of prediction information could have an important effect on the HESS with battery and supercapacitor. This paper contributes to a better understanding of the details of the impacts of the inaccuracy and uncertainties of the terrain information on battery life and system efficiency based on two different hybrid energy storage systems with semiactive topologies, and furthermore, a novel power management strategy is developed to deal with inaccuracy and uncertainties. The results of this paper will be useful for a practical implement of an HESS for battery life and system efficiency improvement.
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I. INTRODUCTION

E
LECTRIC vehicles are considered to be one of most promising transportation tools in addressing issues faced by automotive industry worldwide on energy and environment [1] . On-board energy storage system (ESS) is undoubtedly one of the critical systems that mostly influence the energy efficiency. Although there are various types of ESSs used for electric vehicles, batteries are so far the most widely adopted energy unit in electric vehicles [2] . However, batteries alone as energy sources still face many challenges in meeting the power requirements for electric vehicles, such as higher efficiency, smaller voltage drops, larger vehicle acceleration, higher energy recovery rate during braking, better uphill climbing performance, and so on. Although high-power batteries can be made available, they are often very bulky yet cost prohibitive.
Supercapacitors, as emerging ESSs, have much higher power density compared with batteries. They perform well under a wider range of low temperature, while batteries typically claim a smaller operating range and often lose tremendous amount of energy at low temperature. In addition, supercapacitors have much lower internal resistance and deliver over 95% efficiency in general and more than a million life cycles by storing energy in an electrostatic field, much more than batteries, since batteries rely on chemical reaction to dissipate stored energy and have life of hundreds to low thousands of cycles. In addition, the cost of supercapacitors has fallen much more than the cost of batteries. This disparity is likely to continue, since the market is adopting supercapacitors in greater numbers and the cost of related raw materials is falling [3] , [4] .
Weighing with factors, such as cost, power, and performance, it is thus compelling and very advantageous to pair a supercapacitor with a battery to form a hybridized ESS (HESS) with combined power density and energy density to meet various driving demands on both performance and travel range, for greener and more sustainable future energy storage products. As a result of the hybridized energy storage, it allows a downsized battery for reduced weight, and allows battery to operate without large current spike for extended life.
A. Literature Review
The HESS topology structures can be categorized into three types: passive, semiactive, and fully active structures [5] - [8] . In passive structure, power distribution between battery and supercapacitor is inherently realized by the internal resistances of individual power source without using a bidirectional dc/dc converter. Therefore, the supercapacitor in this topology cannot be effectively used. In semiactive structure, a bidirectional dc/dc converter is used to interface the battery with the supercapacitor/dc bus, or to interface the supercapacitor with the battery/dc bus. The fully active structure adopts two bidirectional dc/dc converters such that both sources can be controlled individually. By comparing the three structures, it can be found that the passive hybrid system is simple in structure and more cost effective, but the fully active hybrid system offers the best performance. Therefore, a semiactive hybrid system is often a good tradeoff among them in terms of the performance, the structure complexity, and the cost.
The HESS control strategies can be broadly classified into rule-based and optimization-based strategies. Rule-based strategies rely only on instantaneous power demand and state of the HESS for power distribution between battery and supercapacitor. Optimization-based strategies consider past and, if possible, future driving condition to determine distribution ratio for the HESS, thus have shown better performance compared with rule-based strategies [9] - [20] . However, their performance strongly depends on the upcoming driving condition.
Recently, advanced technologies in geographic information systems (GISs) and global positioning systems (GPSs) make future driving conditions become available. Study on the use of terrain information to improve fuel economy and system efficiency has been done over the past few years. Reference [21] studies a scenario-based drive mission for a heavy diesel truck. Look-ahead terrain information is used for optimizing the velocity trajectory with respect to a criterion formulation that weighs trip time and fuel consumption. Experimental results have shown that a fuel consumption reduction of about 3.5% on the 120-km route without an increase in trip time. Reference [22] quantifies the potentials of 3-D road terrain maps to improve the fuel economy of a parallel hybrid vehicle. Simulation results have shown that an average fuel economy improvement of 1%-4% is possible with terrain preview. A model predictive control (MPC) strategy utilizing the terrain data is developed to obtain a time-varying power split between the combustion engine and the electrical machine in [23] . Simulation results have shown that the MPC strategy utilizing terrain data gives an improvement of up to 2.2% in fuel economy with respect to the same controller without terrain information, on the same route. Reference [24] presents a power management strategy based on fuzzy logic taking into consideration information on the slope of a terrain for battery and supercapacitor hybrid system. Both simulation and experiment results have shown that power management strategy can reduce power impulses drawn from the battery by taking into consideration information on the slope of a terrain.
B. Main Contribution
Prior research work has demonstrated that terrain plays an important role in improving fuel economy and system efficiency based on the assumption that the attainable terrain information is accurate. However, it is practically impossible, particularly for on-board application, since complicated vehicle environment can have significant effect on prediction accuracy. The main purpose of this paper is to reveal the influence details of the inaccuracy and uncertainties of the terrain information on the HESS, then propose a power management strategy by taking into consideration terrain inaccuracy to improve system efficiency. The objective of the proposed power management strategy is to minimize the total cost of the system, including the cost for battery life and energy. The main contributions that are fundamentally different from prior research are summarized as follows. First, this paper contributes to a better understanding of the details of the impacts of the inaccuracy and uncertainties of the terrain information on battery life and system efficiency of the HESS. Second, a novel power management strategy is developed to deal with inaccuracy and uncertainties. The results of this paper will be useful for a practical implement of the HESS for battery life and system efficiency improvement.
C. Paper Organization
The remainder of this paper is organized as follows. A semiactive hybrid ESS and its life model are first established in Section II. In Section III, the influence of terrain information inaccuracy is analyzed, in particular, on battery life. A power management control strategy is then developed in Section IV, with effectiveness of the proposed strategy evaluated in Section V. Finally, some conclusive remarks are included in Section VI.
II. SEMIACTIVE HESS MODELING
A. Semiactive HESS Topologies
Two typical semiactive HESSs are described in this paper. The first semiactive HESS is shown in Fig. 1 , in which a dc/dc converter is used to interface the supercapacitor with the battery/dc bus. The supercapacitor in this topology is effectively used, because its voltage is decoupled from the battery. However, the supercapacitor should operate frequently under pulsed and peak power conditions, so that it will decrease the system efficiency. The second semiactive HESS is shown in Fig. 2 , in which the dc/dc converter is used to interface the battery with the supercapacitor/dc bus. The power level of the dc/dc converter in this topology can be reduced compared with the first topology. However, the major problem associated with this topology is that the dc bus voltage varies in a wide range, which will limit its application range.
B. HESS Modeling
Electrochemical models that are developed to capture all key behaviors at the battery cell level can achieve high accuracy. They are suitable for understanding the distributed electrochemistry reactions in the electrodes and electrolyte. However, these models are usually complicated and significant requirement for memory and computation. Therefore, they are not desirable for actual electric vehicle application. Equivalent circuit battery models have been developed especially for the purpose of vehicle energy management and battery management system research. Compared with electrochemical battery models, equivalent circuit battery models are relatively simple with a few number of model parameters. At the same time, they can provide enough accuracy for the investigation of electric vehicle energy management. Consequently, equivalent circuit battery model is adopted for simulating battery. The basic parameters of the battery used in this paper are listed in Table I . This paper focuses on the battery life model and energy model. Therefore, the Rint battery model shown in Fig. 3 is used to represent the battery characteristics due to its simplicity and sufficient accuracy. The mathematical description can be written by
The load power can be calculated using the multiplication of current and voltage as follows:
State of charge (SOC) is traditionally used to indicate the residual electricity of the battery, and its definition is usually given by
where SOC 0 represents the initial value of SOC, and k ch and k dis represent the impact coefficients on the current integration from charging current (I L < 0) to discharging current (I L > 0), respectively. C bat represents the nominal capacity of the battery, while ε is the coulomb efficiency (including charging efficiency ε ch and charging efficiency ε dis ). The supercapacitor is modeled by a first-order RC equivalent circuit, as shown in Fig. 4 . I SC is the supercapacitor currents (positive for discharging and negative for charging). The main 
A semiempirical battery capacity degradation model is adopted in this paper [25] . The model includes four parameters: time, temperature, depth of charge, and discharge rate. Its formula description is given by
where Q loss is the battery capacity loss, which ranges from 0 to 1. B is the preexponential factor. E a is the activation energy (J mol −1 ). R is the gas constant [J (mol −1 k) −1 ]. T is the battery absolute temperature (K ). A h is the Ah-throughput, which is expressed as A h , z is the power law factor, C rate is the battery discharge rate, and A is the compensation factor of C rate . Corresponding parameters used in this formula are listed in Table III . The Ah-throughput is defined as
where t 0 and t f are the initial time and final time of a driving cycle, respectively.
III. INFLUENCE OF TERRAIN INACCURACY ON HESS
A. Assumption
In this section, the influence law of terrain inaccuracy on the cost of battery degradation and system energy for two semiactive HESSs is studied. For the terrain inaccuracy, the error needs to be modeled as a certain distribution. However, it is impossible to create an exact distribution to describe all situations. Three typical distributions, normal distribution, Laplace distribution, P-distribution, have been studied for describing error distribution [26] . In this paper, the error is modeled as normal distribution. Its mean value is assumed to change from −0.1 to 0.1 rad. The described range is not an absolute limit for its maximum value, but it can be scaled to any range for specific applications.
The cost of the battery system is assumed to be U.S. $1600 per kWh [27] . Here, we assume that the supercapacitor has no degradation during the life of the battery, but the battery has degradation process and its capacity range is considered from 100% to 80%. The electricity cost is assumed to be U.S. $0.1 per kWh according to the report of the U.S. Energy Information Administration.
B. Cost Model for Battery Degradation
The cost of battery degradation and energy can be described by
Cost energy (t) = 0.1 3600
where Q bat represents battery normal capacity (Ah). U bat represents battery normal voltage (V ), and p is the unit energy cost for battery U.S. ($/kWh). P loss represents the power loss of the HESS, including battery resistance loss, supercapacitor resistance loss, and dc/dc efficiency loss, which is written as the following:
P loss = P bat,loss + P SC,loss + P DC,loss (9)
Finally, the unit cost ($/km) for battery degradation and energy can be expressed as
where L d represents the driving range of an electric vehicle.
C. Terrain Information Error
Vehicle state and altitude data are collected based on a high accuracy GPS system (the positioning accuracy radius is less than 0.01 m), which logs velocity and position information at 10-Hz frequency. The collected altitude profile is shown in Fig. 5 , and the same altitude profile is duplicated multiple times to form a new profile, which is shown in Fig. 6 with six duplications. Since a GPS receiver provides a 3-D position (latitude, longitude, and altitude) together with a signal indicating the number of satellites used for the position fix. The vehicle velocity and the road slope are used to calculate the time derivative of the altitude and thus provide a link between the GPS and the vehicle model [28] . The road slope can thus be estimated using this relationship and shown in Fig. 7 . When the terrain inaccuracy is considered, the slope grade can be written by
where the error ε(t) follows normal distribution, namely, ε(t)∼N(μ, σ 2 ). Central limit theorem is employed to produce the random discrete points that follow normal distribution, and the detailed steps can be described as the following. 1) First, N discrete points, γ 1 , γ 2 , . . . , γ N , are produced randomly. 2) Then, these random points are calculated according to
3) Finally, random points that follow distribution ε(t)∼N(μ, σ 2 ) can be obtained by
D. Power Sharing Algorithm
In the proposed HESS, a power management strategy is implemented, so that the power demand is assigned to two different power sources: battery and supercapacitor. Since supercapacitor has fast dynamic characteristics compared with battery, namely, the energy stored in supercapacitor can be discharged quickly than battery. Therefore, the high-frequency components of power demand are assigned to the supercapacitor and remaining low-frequency components are assigned to the battery. Two filters (characterized by two cutoff frequencies f 0 and f 1 ) are used to obtain the power mission for each power source, which is shown in Fig. 8 . In order to study the influence law of error on the HESS cost, these two cutoff frequencies are first optimized so that the current distributed to the battery could be controlled within 0.5°C range for each cell.
E. Result Analysis
In this section, simulations are performed based on two semiactive HESSs and three constant velocities: 10, 15 and 20 m/s. The power demand is calculated by the longitudinal dynamic model and the vehicle main parameters are listed in Table IV . The battery degradation cost of the HESS is shown in Fig. 9 . Since the amount of power distributed to the battery is the same, there is no significant difference between two semiactive topologies. When the error is close to −0.02 rad, the battery degradation cost approaches to minimum value. Then, it increases as the absolute value of error increases. This is because power demand is influenced by error directly and thus the battery needs to supply more power.
The energy cost of two semiactive HESSs is shown in Fig. 10 . It can be found that there is a similar trend when comparing the results of all the battery degradation cost. However, they are slightly different due to the different locations of the dc/dc converter in two semiactive HESSs. The energy cost of the supercapacitor controlled topology is a little higher than that of the battery controlled topology. This is because the dc/dc converter in the supercapacitor controlled topology is operated frequently under pulsed and peak power conditions so that more energy is dissipated. Compared with Fig. 9 , the energy cost is much less than the battery degradation cost over the two semiactive topologies, because the battery price is high. Therefore, the operation cost of the HESS is mainly determined by the battery degradation cost. To some degree, the energy cost can be neglected. The influence of the error with different velocities on battery degradation and energy cost is given in Figs. 11-13 . The cost is higher for 20 m/s, which is the highest velocity. In other words, the higher the velocity is, the higher the cost is.
IV. POWER MANAGEMENT CONTROL STRATEGY
As discussed above, the cost of the HESS is influenced by both the velocity and terrain information error significantly. Specifically, it is intuitive that the faster the speed is, the more cost the degradation process will induce. However, there is a similar trend for the degradation cost for all different speeds with respect to the terrain information error. In order to investigate the influence of the error variation, we focus on a constant-velocity cruise situation. Consequently, velocity is not given in the following formula derivation. In general, the electric power consumption of auxiliary electric devices in the EV is about 2 kW. It is typically treated as a fixed constant value and solely provided by the battery. Therefore, the power consumption of auxiliary devices does not affect the power management strategy for the HESS, and also is irrelevant to the terrain information error, which is the main focus of this paper. Therefore, we ignore the impact of auxiliary electronic device.
The total cost can be written as the function of load power demand
In this paper, the load power can be expressed as the sum of battery and supercapacitor power
Consequently, the total cost can be rewritten by
The error is modeled with normal distribution, namely, ε(t)∼N(μ, σ 2 ) with its mean value μ and variance σ known, but the duration time of error is unknown. Therefore, the specific power demand at each instant is still unknown. Besides, in order to describe the problem clearly, the variance σ is set as a fixed constant value. As a result, the error can be featured by mean value μ only. The mean value μ can be described as follows:
where t 1 represents the duration time of μ 1 and t 2 represents the duration time of μ 2 . In this paper, both t 1 and t 2 are known random variables and modeled as a certain distribution. Therefore, the total cost is the sum of cost during two duration times of error, which can be expressed as
In order to describe the stochastic behavior, the duration time of each error mean value is weighted by the probability of its occurrence. The probability density functions of t 1 and t 2 are defined as ϕ(t 1 ) and h(t 2 ), respectively. Then, the total cost can be rewritten by
where T 1 and T 2 are the possible maximum values of duration times t 1 and t 2 . By adjusting the amount of power distributed to battery and supercapacitor, the total cost can be minimized adapting to the variations of error under the condition of a certain probability. The minimum cost thus can be described as Cost * min = arg min
where
Cost * t 2 ,min = arg min
Since probability density functions ϕ(t 1 ) does not depend on time t, thus the left integral of (25) can be obtained as
According to the Fubini theorem, the integration order of the equation can be changed. The original time range t 1 ∈ [0, T 1 ]
and t ∈ [0, t 1 ] can be transformed to:
Then, (27) can be written by
Based on the probability density functions ϕ(t 1 ), the cumulative density function (CDF) of t 1 can be readily obtained as
For the possible maximum value T 1 of duration time t 1 , CDF has its final value 1, namely
Therefore, (28) can be written by
Similar deduction can be applied to the left integral of (26) . Then, we have equality as follows:
where Consequently, (24) can be rewritten as follows:
As described above, the expected total cost can be minimized by adjusting the amount of power distributed to battery and supercapacitor under known CDFs of error. Therefore, power management control strategy can be developed by adjusting separation frequency according to CDFs. The specific diagram is shown in Fig. 14 . For each terrain error, since the duration time is unknown, the load power distribution is executed from maximum separation frequency to minimum separation frequency, because the variations of CDFs are from minimum to maximum. In order to prevent the violation of the maximum SOC bound, the maximum separation frequency needs to be limited to a reasonable value.
V. CASE STUDY
To illustrate the applicability of our proposed method, a case study is conducted using simulation. The distributions of duration times t 1 and t 2 are set to be the same, and follow normal distribution, namely, t 1 ∼N (μ 1 , σ 2 1 ) and t 2 ∼N (μ 2 , σ 2 2 ), where μ 1 = μ 2 = 20 s and σ 1 = σ 2 = 5. A load power demand can be obtained according to vehicle longitudinal dynamic equation and the parameters of vehicle and terrain, which is shown in Fig. 15 . The segment number of the duration time is 100 for positive terrain error and 100 for negative terrain error. The histogram of duration time and the corresponding CDF is shown in Figs. 16 and 17 , respectively. Combining the accurate load power demand and the estimated error, the stochastic power demand can be obtained in Fig. 18 .
The simulation is carried out in MATLAB environment, and the comparison results between the proposed control approach (frequency approach with error consideration) and the conventional control approach (frequency approach without error consideration) are shown in Figs. 19-21 . A comparison of the battery cell current is shown in Fig. 19 . It can be observed clearly that the proposed control approach can better suppress the charging/discharging current of the battery within a smaller variation range compared with conventional control approach, which would be very helpful to increase battery life. compared with a maximum 0.5 V voltage drop for the conventional control approach. Therefore, it is obvious that the battery system is operated in much smaller voltage range and the potential battery cell balancing problem can be avoided to prevent individual cell voltages from a big drifting apart over time, which leads to rapid decreases of the total pack capacity.
From Fig. 21 , since the power demand caused by the error is distributed to the supercapacitor actively, the battery output is smoothed, and its SOC consumption is decreased by 1.5% compared with conventional control approach, which could potentially extend the driving range of electric vehicles.
The costs are compared and listed in Table V . It is observed that the proposed approach is able to achieve reduction in degradation and energy costs for the HESS. This is because that error power is actively distributed to supercapacitor, and therefore, battery degradation and system energy costs of battery controlled semicontrolled HESS are decreased. On the contrary, the system energy costs of supercapacitor controlled semicontrolled HESS is increased.
VI. CONCLUSION
In this paper, the inaccuracy of terrain information is first investigated as how it affects load power demand, and in turn, battery life, and overall system efficiency and performance for a hybrid ESS in an electric vehicle. To quantify the influence, the operation costs are defined for two hybrid systems with semiactive topology, including battery degradation cost and energy cost. Simulation has been conducted with results indicating that error has a significant influence on the cost of the HESS. Then, a power management control strategy is developed to minimize the total cost of the HESS by considering terrain inaccuracy. Simulation has been further performed with results demonstrating the advantages and effectiveness of the proposed approach compared with conventional control approaches.
To extend the study, the following topics can be addressed in the future work.
1) Investigate the influence of errors on the HESS with different supercapacitor capacity matches. 2) Optimize topology structures of the HESS with the consideration of prediction errors. 3) Study the optimal power management strategy for HESS based on the sensing information with surrounding vehicles.
